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“Machine learning is where the computational and algorithm skills 
of data science meet the statistical thinking of data science.”
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Jake VanderPlas, Python Data Science Handbook,
O’Reilly Media, November 2016

Machine Learning & Data Science


 Given training data predict the values in between
– the function between input and output   





We need the function between input X and output y

Predict for this dataset the value at 𝑥ො = -1.5.
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016
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Figure 2-3

Between Feature X and Target y

𝑥ො





 the function y = f(X)

We need the function between input X and output y

.
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016
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Figure 2-11

the model





 Eyeball method

We fit a line through the points y

.
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016
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Figure 2-3

the model



 A linear model  



 the function y = 0 + c • x

Eyeball method: all lines go through (0,0).
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016
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Figure 2-3



 the function y = 0 + c • x

intercept coefficient

c



intercept coefficient

A linear model y = 0 + C • X

We need the fit() function of scikit-learn

.
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016
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

We fit the function between input X and output y

Predict for this dataset the value at 𝑥ො = -1.5.
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Figure 2-3

𝑥ො

A linear model y = f(X)  A linear model 𝑦ො = f(𝑥ො)  A linear model -0.623= f(-1.5)  A linear model -0.623= -0.032 + 0.394 • -1.5A linear model -0.623= -0.032 + -0.591

Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016

𝑦ො



Fitting a lines go through points y
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Origin of                         : “la Méthode des moindres carrés” 
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Origin of                         : “la Méthode des moindres carrés” 
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Origin of                         : “least square method” 
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Simple linear regression
linear model

Several points with error

Error    should be as small as possible

Minimize the sum of all errors

sum( (actual_y[i]- predicted_y[i])**2  for i in range(N) )



 You are given two arrays: actual_y and predicted_y

Minimize the Error
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Maarten Marx, Applied Machine Learning, 2024

Least Square method



 The points (x1, y1), …, (xn, yn) resulting from n independent 
observations will then be scattered about the true regression 
line: 

14
Yolanda Hagar, Simple Linear Regression, University of Colorado, 2016

Linear regression



 The points (x1, y1), …, (xn, yn) resulting from n independent 
observations will then be scattered about the true regression 
line: 
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Yolanda Hagar, Simple Linear Regression, University of Colorado, 2016

Linear regression

෍ 𝜀௡

௡

௜ୀଵ

 /𝑛 ≅ 0



 The points (x1, y1), …, (xn, yn) resulting from n independent 
observations will then be scattered about the true regression 
line: 
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Linear regression

෍ 𝜀௡
ଶ/𝑛

௡

௜ୀଵ

≅ 𝜎ଶ

෍ 𝜀௡
ଶ/𝑛

௡
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≅ 0



 The points (x1, y1), …, (xn, yn) resulting from n independent 
observations will then be scattered about the true regression 
line: 
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Linear regression

෍ 𝜀௡
ଶ/𝑛

௡

௜ୀଵ

≅ 𝜎ଶ

෍ 𝜀௡

௡

௜ୀଵ

 /𝑛 ≅ 0

𝛼 + 𝛽𝑥ଵ

𝛼 + 𝛽𝑥ଶ

𝛼 + 𝛽𝑥ଷ



 The parameter σ2 determines the amount of spread about the 
true regression line. Two separate examples:
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Yolanda Hagar, Simple Linear Regression, University of Colorado, 2016

Linear regression

𝑦 = 𝛼 + 𝛽𝑥

𝑦 = 𝛼′ + 𝛽′𝑥
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Minimize the sum of all errors

The best fit

𝛼ො, 𝛽መ = 𝑎𝑟𝑔𝑚𝑖𝑛(෍(𝑦௜−𝛼 − 𝛽𝑥௜)ଶ)

௡

௜ୀଵ

Two equations, two unknowns: (𝛼ො, 𝛽መ)

When 𝛽መ is known, 𝛼ො is easy to calculate:

𝑥̅ X.mean()

𝑦തy.mean() 𝛼ො =  𝑦ത − 𝛽መ𝑥̅

~0.0       ~0.0~0.0
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The best fit

Two equations, two unknowns: (𝛼ො, 𝛽መ)

𝛽መ is a bit harder to calculate, it is the weigthed average of all slopes: 
(௬೔ି௬ത)

(௫೔ି௫̅)

𝑥̅

𝑦ത 𝛽መ = ෍ 𝑤௜

௡

௜ୀଵ

(𝑦௜ − 𝑦ത)

(𝑥௜ − 𝑥̅)

𝛽௜

𝑥௝𝑥௜

(𝑥௝ − 𝑥̅)(𝑥௜ − 𝑥̅)

𝑦௝

𝑦௜

(𝑦௝ − 𝑦ത)

(𝑦௜ − 𝑦ത)

𝛽௝

𝑤௜ =
(𝑥௜ − 𝑥̅)ଶ

∑ (𝑥௝ − 𝑥̅)ଶ௡
௝ୀଵ

np.sum()         X.mean()       y.mean()   
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The best fit

When 𝛽መ is known, 𝛼ො is easy to calculate:

𝑥̅

𝑦ത
𝛼ො =  𝑦ത − 𝛽መ𝑥̅

from sklearn.linear_model import LinearRegression
X, y = mglearn.datasets.make_wave(n_samples=60)
X_train, X_test, y_train, y_test = train_test_split(X, y, random_state=42)

model = LinearRegression(fit_intercept=True)
model.fit(X_train, y_train)

alpha = y_train.mean() - model.coef_ * X_train.mean() 
print("Our estimate of alpha is %.4f versus the LR model.intercept %.4f" % (alpha, model.intercept_))

Our estimate of alpha is -0.0939 versus the LR model.intercept -0.0939



22

The best fit

𝑥̅

𝑦ത

dy = y_train - y_train.mean()
dX = (X_train - X_train.mean()).reshape((-1,)) 

wX = (dX ** 2) / ((dX ** 2).sum())
beta = (wX * (dy / dX)).sum()
print("Our estimate of beta is %.4f versus the LR model.coef %.4f" % (beta, model.coef_))

Our estimate of beta is 0.5242 versus the LR model.coef 0.5242

𝛽መ is a bit harder to calculate, it is the weigthed average of all slopes: 
(௬೔ି௬ത)

(௫೔ି௫̅)

𝛽መ = ෍ 𝑤௜

௡

௜ୀଵ

(𝑦௜ − 𝑦ത)

(𝑥௜ − 𝑥̅)



Linear models for Regression
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
Learning with Python, O’Reilly Media, October 2016 Page 497

For a single feature the model is:

𝑦ො = 𝑤 0 ∗ 𝑥 0 + 𝑏𝛼𝛽

For multiple features the model is:

𝑦ො = 𝑤 0 ∗ 𝑥 0 + 𝑤 1 ∗ 𝑥 1 + ⋯ + 𝑤 𝑝 ∗ 𝑥 𝑝 + 𝑏

In matrix-notation the multiple-features model is:

𝑦ො = 𝑊 ∗ 𝑋 + 𝑏

𝑦ො = 𝑤 0 ∗ 𝑥 0 + 𝑏

𝛽଴𝛽ଵ 𝛽ଶ 𝛽௣



Linear models for Regression
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Page 346

𝑦ො = 𝑊 ∗ 𝑋 + 𝑏

Jake VanderPlas, Python Data Science Handbook,
O’Reilly Media, November 2016

Remember Scikit-learn’s data format:



What the weight of a kid?

25

Real world example

• Depends on the organization
• Interpret the information in the right way

Expertise



A child is half the weight of an adult
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Evaluate baseline model – version 0.0

• Depends on the organization
• Interpret the information in the right way

Expertise

Dataset
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Evaluate baseline model – version 0.0

Dataset



A child is half the weight of an adult
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Evaluate baseline model – version 0.0

Dataset

import numpy as np
from sklearn.datasets import fetch_openml

patients = fetch_openml(name='regensburg_pediatric_appendicitis', version=1)
w = np.array(patients.data.Weight))
w = w[~np.isnan(h)]

print(“Average weight of a child at Regensburg hospital is %.2f kg” % w.mean())

43.17 kg



A child is half the weight of an adult

Only 8% off 

Our model is based on “common knowledge”

It does not use any feature of the child
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Evaluate Baseline model – version 0.0

• Depends on the organization
• Interpret the information in the right way

Expertise

“prejudice”

Dataset
43.17 kg

Model
40  kg



Dataset
43.17 kg

Age

What happens when we add features of the child

Age is continues value

30

Evaluate informed models – version 0.3

Line fittingRegression model



 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒

Dataset

𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡
-1.91 kg
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Evaluate informed models – version 0.3

Linear Regression model

𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟
3.98 kg



 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒

Training Dataset

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝐴𝑔𝑒
11½
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Evaluate informed models – version 0.3

Linear Regression model

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑊𝑒𝑖𝑔ℎ𝑡
43.65 kg

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑊𝑒𝑖𝑔ℎ𝑡 at 𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝐴𝑔𝑒
43.65 kg



 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒
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Evaluate informed models – version 0.3

Data preparation

from sklearn.model_selection import train_test_split
from sklearn.datasets import fetch_openml
import numpy as np

patients = fetch_openml(name='regensburg_pediatric_appendicitis', version=1)
a = np.array(patients.data.Age[patients.data.Age>1.0])
w = np.array(patients.data.Weight[patients.data.Age>1.0])

a = a[~np.isnan(w)]
w = w[~np.isnan(w)]

A = a[:, np.newaxis]

X_train, X_test, y_train, y_test = train_test_split(A, w, random_state=42)



 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒

Training Dataset
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Evaluate informed models – version 0.3

Model fit

from sklearn.linear_model import LinearRegression

model = LinearRegression(fit_intercept=True)
model.fit(X_train, y_train)

print("Average weight-gain of a child at Regensburg hospital is %.2f kg per year" % model.coef_)

Average weight-gain of a child at Regensburg hospital is 3.98 kg per year



 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒

Training Dataset
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Evaluate informed models – version 0.3

Model check

import matplotlib.pyplot as plt

xfit = np.linspace(1,18)

Xfit = xfit[:, np.newaxis]
yfit = model.predict(Xfit)

plt.scatter(X_train, y_train, s=3)
plt.plot(xfit, yfit,c='r');

R2 score: 0.60 ± 0.06



Model check

 So, 𝑤𝑒𝑖𝑔ℎ𝑡 = 𝐵𝑖𝑟𝑡ℎ𝑊𝑒𝑖𝑔ℎ𝑡 + 𝐾𝑖𝑙𝑜𝑃𝑒𝑟𝑌𝑒𝑎𝑟 ∗ 𝐴𝑔𝑒

Training Dataset
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Evaluate informed models – version 0.3 outliers

import matplotlib.pyplot as plt

xfit = np.linspace(1,18)

Xfit = xfit[:, np.newaxis]
yfit = model.predict(Xfit)

plt.scatter(X_train, y_train, s=3)
plt.plot(xfit, yfit,c='r');

R2 score: 0.57 ± 0.03

-1.91 kg  +0.20 kg 3.95 kg / y  3.78 kg / y 

3 extra training points

Δ 4%

Entry the age in months instead of years



Building a predictive model is a circular process.
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Organization

• Depends on the organization
• Interpret the information in the right way

Expertise



Building a predictive model is a circular process.
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Joseph Santarcangelo & Joss Grossman, Machine Learning with Python, IBM Skills network, 2025

Introduction to Machine Learning



 2.3.3 Linear Regression Models

 Strengths:

 Easy to understand

 Fast to train, fast to predict

 Scales well to large training sets, even when sparse

Weakness:
 On datasets with many features, the coefficients 

reflect direct & indirect correlations

 On datasets with many features, the complexity
has to be controlled with regularization
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Andreas C. Müller, Sarah Guido, Introduction to Machine 
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Conclusion

Learning outcomes of this course covered today

What is a good fit of the relation between two features

40


